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Abstract: Diabetes is a significant global health issue impacting millions. Approximately 26 million diabetics

experience foot ulcers, with 20% leading to amputations, resulting in high morbidity, mortality, and costs. Plantar

pressure screening shows potential for the early detection of Diabetic Foot Ulcers (DFUs). Although foot ulcers

often occur due to excessive pressure on the soles during dynamic activities, most studies focus on static pressure

measurements. This study’s primary objective is to apply wireless plantar pressure sensor-embedded insoles to

classify and detect diabetic feet from healthy ones based on dynamic plantar pressure. The secondary objective

is to compare statistical-based and Machine Learning (ML) classification methods. Data from 150 subjects were

collected using the insoles during walking, revealing that diabetic feet have higher plantar pressure than healthy

feet, consistent with prior research. The Adaptive Boosting (AdaBoost) ML model achieved the highest accuracy

of 0.85, outperforming the statistical method, which had an accuracy of 0.67. These findings suggest that ML

models, combined with pressure sensor-embedded insoles, can effectively classify healthy and diabetic feet using

plantar pressure features. Future research will focus on using these insoles with ML to classify various stages of

diabetic neuropathy, aiming for early prediction of foot ulcers in home settings.

Keywords: Diabetic foot; machine learning algorithms; plantar pressure; pressure sensor; smart insole; statistical

analysis

1. Introduction

Diabetes affects a substantial global population, with approximately 540 million people living
with the condition [1]. Among its complications, Diabetic Foot Ulcers (DFUs) is one of the most
common complications of diabetes, a major cause of lower limb amputations and mortality. DFUs
occur from a combination of peripheral neuropathy and poor circulation, impairing wound healing. If
left untreated, these ulcers can become infected, leading to severe tissue damage and, in many cases,
the need for amputation. It is estimated that approximately 20 million people worldwide suffer from
DFUs, while an additional 130 million individuals are at significant risk of developing the condition.
This results in nearly 9 million hospitalizations and 2 million amputations annually [2–4].

Lower limb amputations not only impact patients’ quality of life but also contribute to increased
mortality rates, making early diagnosis and treatment essential. The associated financial burden is
considerable, with the average cost per patient-year being $3,368 for ulcer-only cases, $10,468 for minor
amputations, and $30,131 for major amputations globally [5]. Therefore, DFU is a severe problem that
requires preventive measures. Early detection of the neuropathic condition of the foot is crucial due to
the potential severity of its complications.

Most literature acquires data for early DFU detection or classification while the patient is in static
mode [6–16]. It is shown that excess plantar pressure occurs during dynamic mode and also can cause
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foot ulcers [17,18]. Therefore, this work applies a wireless pressure sensor-embedded insole to monitor
dynamic plantar pressure instead of static data. The primary objective of this research paper is to
conceptually show that the wearable pressure sensor-embedded insole can be used to classify healthy
and diabetic feet. The secondary objective is to conduct a comparative study between the statistic-
based and machine learning approaches for smart insole-based plantar pressure analysis in diabetes
and healthy feet classification. By evaluating the strengths and limitations of both methodologies,
this study sheds light on which approach holds more significant promise for accurate and reliable
classification. Results show that the Boosting model with Principal Component Analysis (PCA) has
the highest accuracy of 0.85, whereas with the statistic-based model, we achieved an accuracy of 0.67.
The contributions of this research are:

• Use of wireless pressure sensor-embedded smart insole to collect dynamic plantar pressure data
during gait for classification of healthy and diabetic feet.

• Use of feature extraction from the dynamic plantar pressure data obtained from smart insoles,
which can classify healthy and diabetic feet accurately.

• Performance comparison of different machine learning models and identify the optimal model for
classification of diabetic feet.

• Comparing the statistic-based and machine learning models for healthy and diabetic feet classifi-
cation.

2. Related Work

Innovative systems have emerged to detect diabetic foot ulcers (DFUs) and associated risks. This
work encompasses a range of methods, including manual inspections by healthcare providers (such as
the monofilament test and biofilm identification), foot thermal analysis, foot imaging analysis, and plan-
tar pressure analysis. Some DFU detection and classification methods rely on manual inspection [6,7],
while others utilize machine learning-based approaches [8–14] or statistical approaches [15,16]. Al-
though manual inspection is employed for the early detection of DFUs, most other methods may not
be specifically designed for early prediction, which is essential for proactive intervention.

2.1. Manual Inspections by Healthcare Providers

Traditional biofilm identification methods are often invasive and technically complex, limiting
their clinical use [6]. In contrast, wound blotting offers a non-invasive, faster approach, improving
early intervention and treatment outcomes [6]. On the other hand, the monofilament test is a simple,
cost-effective tool commonly used to detect sensory loss in patients at risk of DFUs [7]. Healthcare
professionals apply a monofilament to areas of the foot, relying on subjective interpretation to identify
sensory loss.

Despite their advantages, both the monofilament test and traditional biofilm identification meth-
ods can be uncomfortable for patients and often require hospital visits [19]. The monofilament test
detects only sensory loss, missing high-pressure areas, and early ulcer formation, while biofilm iden-
tification, though accurate, typically involves invasive procedures. Moreover, both methods may
fail to identify issues until substantial nerve damage or biofilm development has occurred, delaying
intervention. The following sections discuss alternative DFU detection and classification methods that
do not require the expertise of healthcare providers by using statistical or machine learning models.

2.2. Foot Thermal Analysis

Elevated temperatures in the plantar region of diabetic patients are linked to a higher risk of
ulceration, with a temperature increase of 2.2°C potentially indicating the onset of foot ulcers [20]. Nu-
merous studies have established this relationship, demonstrating that temperature sensors can detect
unusual patterns signifying inflammation or infection [21,22]. Recent advancements in thermogram
image detection, combined with deep learning classification methods, show promise in improving
detection accuracy. For example, the Diabetic Foot Thermogram Network (DFTNet) achieved 85.3%
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accuracy in classifying diabetic foot thermograms [8]. Smartphone infrared cameras have also been
used for machine learning-based identification, where the AdaBoost model outperformed the Con-
volutional Neural Network (CNN) for real-time monitoring [9]. Furthermore, a framework utilizing
deep neural networks and decision fusion reached 100% accuracy in classifying DFU thermal images
compared to healthy ones [10].

The foot thermal analysis methods enable ongoing monitoring of foot health by detecting abnor-
mal temperature variations, allowing for timely interventions. However, foot thermal analysis has
limitations; thermogram images primarily capture surface temperature, and factors such as ambient
temperature and recent activities can distort results, leading to false positives [23]. While foot thermal
analysis can detect early signs of inflammation, it may not effectively identify ulcers or provide detailed
insights into pressure points and mechanical stress factors contributing to ulcer formation. Other DFU
detection alternatives have been proposed, such as using foot images instead of thermogram images.

2.3. Foot Imaging Analysis

Imaging modalities like X-rays, MRI, and ultrasound provide insights into foot structure, ef-
fectively detecting deep infections, bone involvement, and abscesses while classifying ulcer sever-
ity [11,24]. Deep learning models, specifically Convolutional Neural Networks (CNNs), have been
employed to classify diabetic foot ulcer (DFU) images. The Diabetic Foot Ulcer Network (DFUNet),
developed by Manu et al. [12], demonstrated high accuracy in detecting foot ulcers from images,
achieving an AUC score of 0.96. Additionally, studies [11,13] utilized automated DFU detection with
CNNs for classification, while [14] employed CNN architectures like ResNet50 and EfficientNetB0 to
achieve high-accuracy results.

However, the success of these models depends on image quality [25], and they primarily focus
on detecting ulcers after they occur [11–13], lacking early-stage detection capabilities. Additionally,
advanced imaging techniques can be expensive and are often limited to diagnosing established ulcers
rather than preventing their development. In the following section, plantar pressure data was used to
identify ulcer risk at an earlier stage than foot imaging.

2.4. Plantar Pressure Analysis

Research has shown that mean peak plantar pressure and pressure time integral measurements
for the toes and midfoot are significantly higher in diabetic feet than those with healthy feet [15]. In a
study by Ahsan et al. [16], diabetic participants exhibited higher pressure in the midfoot area, while
healthy participants displayed increased pressure in the heel section.

It is worth noting that [15,16] relied on static plantar pressure data where data were collected
on a force plate. However, foot ulcers occur due to excessive pressure on the soles during routine
activities such as walking and running, giving rise to the need for dynamic foot pressure [17,18]. It is
also important to recognize that plantar pressures in static posture are considerably lower than those
experienced during dynamic foot activities [26,27]. Therefore, there is a need for real-time monitoring
of dynamic plantar pressure. One such technology is the wireless pressure sensor-embedded insoles
that monitor dynamic plantar pressure distribution in real time. These insoles offer continuous plantar
pressure monitoring that potentially enables timely interventions and reduces the risk of diabetic foot
complications.

Moreover, [15,16] employ statistical significance tests (e.g., independent samples t-test), which
are effective in evaluating straightforward relationships but often fail to capture complex interactions,
such as those between plantar pressure and variables like age, weight, or foot structure [28]. While
statistical models offer interpretable results, they struggle with non-linear patterns crucial to foot
ulcer risk [28,29]. In contrast, ML models, such as decision trees and neural networks, can process
dynamic plantar pressure data and identify subtle shifts and interactions that traditional methods
might overlook. Additionally, ML models are better equipped to handle incoming data effectively
compared to statistical tests [30–33]. This makes ML models more effective in detecting risk factors
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and pressure patterns, leading to more precise predictions. Therefore, applying ML models to dynamic
plantar pressure data may yield better outcomes than statistical methods.

In this work, dynamic plantar pressure data from wireless pressure sensor-embedded insoles
were thereby used to classify healthy and diabetic feet. The study also compares the effectiveness
of statistical methods and ML models to identify the most accurate approach for early detection of
diabetic foot risks.

This research paper consists of the following sections. The Materials and Methods section details
the calibration of wireless pressure sensor-embedded insoles, data collection, preprocessing, and
feature extraction. The Experiments and Results section presents three phases of experiments, encom-
passing statistical significance tests, statistical-based classification, and machine learning classification
models for classifying between healthy and diabetic and feet, as well as comparing statistical-based
and ML classifications. The Discussion section analyzes the results of these phases, and the paper
concludes with findings and future research.

3. Materials and Methods

The plantar pressure data was collected using a wireless pressure sensor-embedded insole called
SuraSole (provided by Suratec Co. Ltd., Nakhon Ratchasima, Thailand).

3.1. Smart Insole (SuraSole)

Dynamic plantar pressures were collected during the subjects’ walk using SuraSole. This insole is
equipped with five Force Sensitive Resistor (FSR) sensors, each with an 18 mm diameter, embedded
within both insoles, as shown in Figure 1a. These sensors were uniquely positioned to detect and
quantify a relative change in the force. The experimental data were categorized into five specific foot
zones: the big toe (referred to as Hallux or HA), the medial forefoot (M1), the lateral forefoot (M5), the
midfoot (MF), and the heel (HF), as depicted in Figure 1b. These sensors are seamlessly integrated
with a microcontroller using a voltage divider circuit. The resulting output is then transmitted to an
Analog-to-Digital Converter (ADC), transforming into a digital signal. The circuit configuration is
optimized for a total force range of 0 to 20 kg. These real-time measurements are transmitted to a
smartphone through Bluetooth and then recorded on a database server for further analysis. Insole
sizes are separated into 5 different sizes to keep the sensors in position for accurate measurement: extra
small (35-36 EU), small (37-38 EU), medium (39-40 EU), large (41-42 EU), and extra large (43-44 EU),
to provide coverage for a wide range of individuals.

Figure 1. (a) The smart insole layers. (b) The locations of sensing points in different foot zones.

The upcoming sections will outline the calibration and validation of the SuraSole smart insole
compared to the standard device. Ensuring accurate calibration and validation is crucial for obtaining
reliable data and enhancing its usefulness in research and clinical settings.
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3.1.1. Calibration

The pressure sensor calibration converts the output digital signal to the force unit (N). A universal
testing machine (UTM: Puller SK-10-500N press digital, SHSIWI) was used to apply a range of known
forces to the sensor and calibrate the sensor circuit output signal. We repeated this step for 5 trials, for
each force value and took the sample average. The relative error between these trials was found to be
less than 5%, indicating a high degree of consistency and reliability in our calibration measurements.
Figure 2 shows the optimal curve fitting exponential equation obtained from the calibration method.

Figure 2. SuraSole sensor signal calibration curve (ADC-to-Force).

3.1.2. Validation

The smart insole was validated against a clinically used force plate (Kistler Instrumente AG,
Winterthur, Switzerland), an ISO/IEC 17025 machine. Kistler’s force plate is widely recognized in
academia, clinics, and rehabilitation centers for its applications in sports performance diagnostics,
motion analysis, and clinical gait analysis [34]. The data analysis of the validation was carried out
using the Bland-Altman method.

Data collection occurred at King Chulalongkorn Memorial Hospital, Thailand, involving 20
healthy subjects who underwent 5 trials while wearing the smart insole and stepping on the force
plate. The pressure on the force plate’s contact time is extracted and synchronized with SuraSole
plantar pressure data. The plantar pressure data from both devices were normalized, and the mean
plantar pressure was calculated. Data samples include that from the left and right foot, obtaining 200
data samples. After removing noise from the data, we obtained 190 data samples. Figure 3 shows
that 178 of 190 data points exhibited strong agreement within the predefined Limits of Agreement
(LoA), defined as ±1.96 times the standard deviation [35], achieving a Bland-Altman Index of 93.68%,
indicating a statistically significant level of agreement between the smart insole (SuraSole) and the
Kistler’s force plate.
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Figure 3. Bland - Altman plot showing the agreement analysis between Kistler’s force plate and
SuraSole.

3.2. Data Collection

Once the insoles were calibrated and validated, they were used to collect dynamic plantar pressure
for this study. This study was conducted at the Diabetic Clinic, Sirindhorn Hospital, and Sam Liam
Community Health Center, Khon Kaen Province, Thailand. The study was approved by the medical
ethics committee, Suranaree University of Technology (Project code EC-62-94). Written informed
consent was obtained from each subject. A wireless pressure sensor-embedded smart insole, as
illustrated in Figure 1a,b, was utilized for data collection from both healthy and diabetic volunteers.

A total of 150 volunteers, comprising 75 individuals with healthy foot and 75 with diabetic foot,
participated in the study. The experiment excluded individuals with plantar wounds, unstable medical
conditions such as lower limb amputation, mobility disorders, or the inability to walk ten meters or
wear the SuraSoles. The data collection process involved participants walking back and forth over a
ten-meter distance to collect dynamic plantar pressure data.

Demographic characteristics included personal details such as age (years), weight (kg), height
(cm), gender (M/F), BMI (kg/m²), fasting blood sugar (mg/dl), and diabetes duration (years).

3.3. Data Preprocessing

After data collection, the sensor data at the beginning and end of each sample was trimmed
to eliminate the transition periods. With participants walking back and forth, two samples were
collected from each, resulting in a total of 300 samples. After removing samples with invalid data and
noise, 243 samples remained for the experiment (126 from healthy participants and 117 from diabetic
participants).

The collected data were then subjected to further analysis to determine various gait-related
pressure parameters, which include

• Peak plantar pressure (PPP): The maximum amount of pressure exerted on the plantar surface
(smart insole) of the foot during gait.

• Pressure time integral (PTI): The cumulative pressure experienced by the foot over over the
duration of the gait cycle. It provides a summary of the total pressure distribution and load on the
foot

PTI = (
∫ t2

t1
P(t) dt)

where P(t) = pressure at a given time interval [((t1), (t2)].
• Forefoot-to-rearfoot ratio (F/R ratio): The distribution of pressure between the front part of the

foot (forefoot) and the rear part of the foot (rearfoot).
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The parameters discussed above (PPP, PTI, F/R ratio) were calculated for different foot zones,
resulting in a total of 18 parameters. Table 1 presents all 18 parameters extracted from the experiments.

4. Experiments and Results

We hypothesize that the wireless insole can be used for diabetic feet classification. To validate
such hypothesis, we conducted our experimentation in three distinct phases.

• Phase 1 Statistical Significance Test: The objective of this experiment is to compute which
parameters are significant for classification. We applied an independent sample t-test on the 18
extracted parameters. The significant parameters will be selected for the next phase of experiment.

• Phase 2 Statistic-based Classification Model: The objective of this experiment is to classify
healthy and diabetic feet based on the selected significant parameters from Phase 1. Threshold
values were extracted from each significant parameter for this classification model. The model
was assessed based on the accuracy, sensitivity, specificity, and F1-score performance metrics.

• Phase 3 Machine Learning Classification Model: The objective of this experiment is to classify
healthy and diabetic feet using machine learning (ML) models. Specifically, nine ML models
were utilized: Support Vector Machine (SVM), Random Forest (RF), Logistic Regression (LR),
Naive Bayes (NB), Decision Tree (DT), K-Nearest Neighbor (KNN), Extreme Gradient Boosting
(XGBoost), Light Gradient-Boosting Machine (LightGBM), and Adaptive Boosting (AdaBoost).
Deep learning models were excluded due to their lack of transparency and high computational
demands [36,37], making traditional machine learning models more suitable for tasks requiring
interpretability, such as healthcare [38]. These ML models were assessed based on performance
metrics, including accuracy, sensitivity, specificity, F1-score, and Area Under Curve (AUC).

The results for each phase of the experiments are shown in the following sections.

Phase 1: Statistical Significance Test

In this experiment, we employed an independent samples t-test to identify all significant param-
eters which have the potential to classify healthy and diabetic feet. The extracted parameters were
analyzed using the Jupyter Notebook program, with a confidence interval of 95%, and the results are
presented in Table 1.

The results revealed a significant difference in peak plantar pressure (PPP) between the healthy
and diabetic groups in the forefoot, midfoot, and entire foot of both the left and right feet, as indicated
by the asterisks in Table 1. The diabetic foot showed higher peak plantar pressure than the healthy foot
in all zones except the heel region, likely because the diabetic group exhibited a higher F/R ratio and
increased forefoot pressure, resulting in lower pressure in the heel. These findings are consistent with
previous studies [15,16]. The graphical depiction of these outcomes can be observed in Figure 4a,b.
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Figure 4. Peak plantar pressure of healthy vs diabetic foot (a) Left foot; (b) Right foot.

Table 1. Statistical t-test on peak plantar pressure, pressure time integral and forefoot-to-rearfoot ratio.

Parameter Abbreviation Healthy (126) Diabetes (117) t P value
Mean SD Means SD

Peak Plantar Pressure

Left foot

Forefoot PPP_FL 102.87 32.78 126.35 43.47 -4.7 0.000004*
Midfoot PPP_ML 74.23 31.59 87.56 45.85 -2.6 0.0097*
Heel PPP_HL 167.48 63.19 167.02 60.75 0.05 0.954
Entire foot PPP_Left 361.27 89.4 422.26 123.53 -4.36 0.00002*

Right foot

Forefoot PPP_FR 110.92 33.13 121.66 34.81 -2.45 0.0149*
Midfoot PPP_MR 84.37 33.43 90.44 51.89 -1.07 0.2857
Heel PPP_HR 158.46 39.1 146.71 51.66 1.98 0.0489*
Entirefoot PPP_Right 378.51 85.58 417.5 93.86 -3.36 0.0009*

Pressure Time Integral

Left foot

Forefoot PTI_FL 31.47 11.82 42.74 20.2 -5.23 4.52E-07*
Midfoot PTI_ML 21.58 13.78 29.91 22.23 -3.46 0.000655*
Heel PTI_HL 48.77 22.64 53.61 28.39 -1.45 0.1464
Entirefoot PTI_Left 177.7 48.77 222.53 82.44 -5.08 8.80E-07*

Right foot

Forefoot PTI_FR 34.63 13.49 39.91 16.09 -2.74 0.0065*
Midfoot PTI_MR 25.56 13.98 28.73 24.33 -1.22 0.221
Heel PTI_HR 46.59 18.96 42.78 20.97 1.47 0.1407
Entirefoot PTI_Right 187.95 47.2 202.2 61.36 -2.009 0.0457*

Forefoot-to-rearfoot ratio Left foot F/R_Left 0.77 0.31 0.87 0.27 -2.7 0.0073*
Right foot F/R_Right 0.79 0.25 0.98 0.36 -4.78 0.000003*

* p < 0.05.

Furthermore, the results showcased a significant difference in pressure time integral (PTI) of the
forefoot, midfoot, and entire foot between the two groups, as indicated by the asterisks in Table 1.
The diabetes group showed the highest pressure time integral compared to the healthy group, which
agrees with [15]. The visual representation of these significant results are shown in Figure 5a,b.

Moreover, the findings also indicated a significant difference in forefoot-to-rearfoot ratio (F/R
ratio) between the two groups on both the left and the right foots, indicated by the asterisks in Table 1.
The diabetes group showed a higher F/R ratio than the healthy group, which agrees with [39]. The
visual representation of these findings presented in Figure 6.
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Figure 5. Pressure time integral of healthy vs diabetes foot (a) Left foot; (b) Right foot.

Figure 6. Forefoot-to-rearfoot ratio of healthy vs diabetes foot.

In Phase 2, the selection process involved choosing the top parameter based on accuracy and
F1-score, as these metrics provide a balanced evaluation of classification performance, considering both
precision and recall. In Phase 3, the complete set of all 18 parameters, including demographic variables,
was incorporated. The choice of p-value exclusively impacts the number of significant parameters
identified in Phase 1. The number of significant parameters varied across different p-values: p < 0.05
resulted in 13 parameters, p < 0.01 resulted in 10 parameters, and p < 0.001 resulted in 7 parameters.
Therefore, p < 0.05 was utilized for visualization to strike a balance between identifying significant
parameters while avoiding an overly stringent threshold. This indicates that 13 of the 18 parameters
were identified as statistically significant through t-test analysis. These 13 parameters will be employed
individually in Phase 2 of the study to classify healthy and diabetic feet.

Phase 2: Statistic-based Classification Model

In Phase 2, a statistical approach was utilized to classify healthy and diabetic feet. The dataset was
split into a 70:30 ratio for training and testing purposes. Each significant parameter identified in Phase
1 was employed to determine the optimal threshold for classification. This threshold was determined
by maximizing the accuracy derived from the training dataset. Figure 7 depicts the procedure for
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selecting optimal thresholds based on accuracy, exemplified by the pressure time integral on the left
forefoot (PTI_FL) parameter. An optimal threshold was established for each significant parameter.
Subsequently, these thresholds were applied to the test dataset to classify healthy and diabetic feet.

Figure 7. Accuracy-driven optimal threshold selection from train Data.

Figure 8 depicts the 13 significant parameters derived from Phase 1, organized based on accuracy
and F1-score through the statistical-based classification model. The parameters PTI_FL and PTI_FR
yield the highest accuracy of 0.67, while F/R_Left and F/R_Right achieve the highest F1-score of 0.72.
These results demonstrate that both PTI and F/R parameters, whether measured on the left or right foot,
are equally effective in distinguishing between healthy and diabetic feet. Additionally, performance
metrics such as sensitivity and specificity were also calculated and compared with machine learning
classification models, as detailed in Table 3. In the following section, we implement machine learning
classification models to provide a comparative analysis with the statistic-based classification model.

Figure 8. Accuracy and F1-score assessment of the 13 significant parameters from Table 1 using a
statistic-based classification model.
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Phase 3: Machine Learning Classification Model

In Phase 3, we use 9 different machine learning models to classify individuals as either diabetic or
healthy foot. To understand the importance of each parameter in relation to the classification target
variable, we employ a feature scoring method [40]. This method assigns scores to each parameter
based on their impact on the target variable, allowing us to assess their significance in the classification
process.

To reduce parameter redundancy, we applied Principal Component Analysis (PCA) to eliminate
the redundant features from the dataset. Further details of this process can be found in the next section.
After obtaining the subset of features through the feature scoring method, we employed machine
learning models for classification, i.e., SVM, RF, LR, NB, DT, and KNN. In addition, three boosting
algorithms, namely XGBoost, LightGBM, and AdaBoost, were also compared. The selection of SVM, RF,
LR, NB, DT, KNN, and boosting algorithms for binary classification was based on the unique strengths
of each model. SVM addressed non-linear relationships, RF reduced noise, LR provided simplicity, NB
efficiently handled small datasets, DT captured complex decision boundaries, KNN recognized local
patterns, and boosting algorithms enhanced overall performance. The boosting models were selected
over the traditional ML model because boosting improves the ML model’s performance by converting
multiple weak learners into a single strong learning model [41].

4.0.1. Principal Component Analysis (PCA)

PCA is a dimensionality reduction technique employed to reduce the dimensionality of the feature
set while retaining important information. By transforming the original feature set into a new feature
set with lower dimensions, PCA enables the elimination of redundant or less informative features.
PCA serves as a tool in preprocessing and feature selection, allowing more efficient and effective
modeling by capturing the most relevant information in a reduced feature space.

We selected 10 components to attain 99% cumulative variance with a minimal number of compo-
nents. The Naive Bayes (NB) model, known for its efficiency in handling small datasets and binary
classification [42], was employed. Figure 9 shows an analysis of PCA components and their accuracy
scores for the NB model revealed the highest accuracy using the top seven components.

Figure 9. Number of PCA components vs accuracy score of NB model.
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Figure 10 illustrates the scores of the identified PCA components, wherein a higher score denotes
increased relevance within the classification models. It can be observed that both Figures 9 and 10
indicate that the optimal number of PCA components is 7. Thus, for this experiment, we used the top
7 components from the PCA.

To boost the performance of the ML classification models, we carried out hyperparameter tuning.
We used the GridSearchCV library [43] to pinpoint the optimal parameters for each classification
algorithm. By fine-tuning the models’ parameters, we aimed to achieve the best possible performance
for each ML method in classifying the healthy and diabetic individuals. The optimal hyperparameters
were determined using the GridSearchCV library on the PCA dataset, as shown in Table 2.

Figure 10. PCA components and their corresponding feature scores.

Table 2. Optimal hyperparameters on PCA dataset using GridSearchCV library.

ML model Optimal hyperparameter

SVM {’C’: 1, ’kernel’: ’rbf’}
LR {’C’: 1}
DT {’criterion’: ’gini’, ’max_depth’: 4}

kNN
{’metric’: ’manhattan’, ’n_neighbors’: 15,
’weights’: ’distance’}

RF {’n_estimators’: 5}
NB {’var_smoothing’: 0.01}
LightGBM {’learning rate’: 0.01, ’max_depth’: 3, ’n_estimators’: 500}
XGBoost {’learning rate’: 0.1, ’max_depth’: 3, ’n_estimators’: 500}
AdaBoost {’learning rate’: 0.1, ’n_estimators’: 200}

We evaluated the performance of the machine learning models while utilizing the optimal
parameters obtained through hyperparameter tuning. The same 70:30 ratio of train and test datasets
were used as in Phase 2. Figure 11 illustrates the accuracy scores for each model, with the Adaptive
Boosting (AdaBoost) model achieving the highest accuracy of 0.85. Table 3 presents detailed results of
performance metrics for both Phase 2 and Phase 3 models.
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Figure 11. Performance evaluation: ML models and their accuracy scores.

Table 3. Optimal hyperparameters on PCA dataset using GridSearchCV library.

Evaluation Metrics
Statistic-based

classification model ML classification models

PTI_FL F/R_Left SVM LR DT KNN RF NB LightGBM XGBoost AdaBoost
Accuracy 0.67 0.64 0.67 0.67 0.67 0.73 0.74 0.75 0.75 0.81 0.85
Sensitivity 0.36 0.92 0.56 0.58 0.58 0.50 0.56 0.61 0.64 0.72 0.83
Specificity 0.97 0.38 0.78 0.76 0.76 0.95 0.92 0.89 0.86 0.89 0.86
F1-Score 0.52 0.72 0.63 0.64 0.64 0.64 0.68 0.71 0.72 0.79 0.85

AUC — — 0.88 0.76 0.69 0.87 0.85 0.83 0.86 0.88 0.88

5. Discussion

Our research underscores the significance of dynamic plantar pressure parameters in the clas-
sification of healthy and diabetic feet. In Phase 1 of the experiment, we observed that peak plantar
pressure and pressure time integral were notably higher in diabetic foot across all regions except for
the heel region, aligning with previous studies [15,16]. Additionally, the forefoot-to-rearfoot ratio was
elevated in diabetic foot compared to healthy ones, consistent with prior studies [39]. In Phase 2, the
statistical-based classification model indicated that the pressure time integral on the forefoot achieved
the highest accuracy of 0.67 for both the left and right foot. Meanwhile, the forefoot-to-rearfoot ratio
achieved the highest F1-score of 0.72 for both the left and right foot. Figure 8 emphasizes the equal
significance of these parameters’ left and right feet in classifying healthy and diabetic and feet. The
parameter selection should align with the priority of the target performance metrics. If accuracy is the
primary concern, the optimal parameter is the pressure time integral on the forefoot. Conversely, if the
emphasis is on the F1-score, the preferred parameter is the forefoot-to-rearfoot ratio. However, when
comparing the results of Phases 2 and 3, the statistics-based classification model demonstrated limited
performance, possibly because statistical models are not generalized and cannot effectively handle
unseen data, i.e., the test dataset [30].

In contrast, boosting models performed better than traditional ML models because the boosting
model enhances the ML model’s performance by combining multiple weak learners into a single
robust learning model [41]. The AdaBoost model achieved the highest performance with an accuracy
of 0.85 and sensitivity, specificity, F1-score, and AUC values of 0.83, 0.86, 0.85, and 0.88, respectively.
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AdaBoost’s superior performance may stem from its effective combination of weak learners, offering
robust generalization and adaptive instance weighting [44]. This emphasizes the effectiveness of
boosting algorithms in our experiments. Our findings support the notion that individuals with
diabetes exhibit increased plantar pressure [15,16].

Furthermore, the use of insoles on dynamic plantar pressure data for diabetic feet classification
may be an affordable monitoring device for a home environment. In addition, dynamic plantar pressure
can detect early signs of DFU [17,18]. Therefore, leveraging machine learning models with plantar
pressure sensor embedded insoles offers the potential for the early detection of pressure indicators for
Diabetic Foot Ulcers (DFUs), as observed from performance enhancements over traditional statistical
models.

6. Conclusions

This paper aims to compare diabetic foot classification between statistical and machine learning
(ML) methods, utilizing wireless insoles for plantar pressure acquisition during dynamic movement to
identify diabetic foot. Plantar pressures in static posture are considerably lower than those experienced
during dynamic foot activities, making dynamic plantar pressure a significant measure in identifying
foot ulcers [17,18]. Therefore, the use of wireless pressure sensor-embedded insoles is suitable to
collecting dynamic plantar pressure. In this work, wireless pressure sensor-embedded insoles are used
to classify diabetic feet from healthy feet. Our approach involved measuring peak plantar pressure,
forefoot-to-rearfoot ratio, and pressure time integral from gait measurements. The proposed method
was evaluated on a dataset of 150 participants, 75 healthy individuals, and 75 individuals with diabetes.
Walking data was collected using the pressure-embedded insole, and subsequent analysis involved
conducting an independent sample t-test to compare the diabetes and healthy groups. The results
revealed that individuals with diabetes exhibited higher plantar pressure than the healthy group,
aligning with previous findings [15,16].

Our study compared a statistic-based classification model and machine learning models for
healthy and diabetic feet classification. From the statistic-based classification model, we achieved
an accuracy of 0.67. On the other hand, the AdaBoost ML method achieved the highest accuracy of
0.85. These findings indicate that wireless pressure-sensor embedded insoles, used with ML models,
have the potential to classify individuals into either the diabetic or healthy group. This suggests the
potential of using pressure sensor-embedded insoles with ML to identify various stages of individuals
with diabetes, particularly early stages, to detect neuropathy conditions. The future work includes
multi-class classifications of such early stages, such as no neuropathy, mild neuropathy, and severe
neuropathy, ultimately facilitating the early prediction of foot ulceration within a home environment
in future work.
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